Trisomy is the most common genetic abnormality in humans and is the leading cause of mental retardation. Although molecular studies that use a large number of highly polymorphic markers have been undertaken to understand the recombination patterns for chromosome abnormalities, there is a lack of multilocus approaches to incorporating crossover interference in the analysis of human trisomy data. In the present article, we develop two statistical methods that simultaneously use all genetic information in trisomy data. The first approach relies on a general relationship between multilocus trisomy probabilities and multilocus ordered-tetrad probabilities. Under the assumption that no more than one chiasma exists in each marker interval, we describe how to use the expectationmaximization algorithm to examine the probability distribution of the recombination events underlying meioses that lead to trisomy. One limitation of the first approach is that the amount of computation increases exponentially with the number of markers. The second approach models the crossover process as a x 2 model. We describe how to use hidden Markov models to evaluate multilocus trisomy probabilities. Our methods are applicable when both parents are available or when only the nondisjoining parent is available. For both methods, genetic distances among a set of markers can be estimated and the pattern of overall chiasma distribution can be inspected for differences in recombination between meioses exhibiting trisomy and normal meioses. We illustrate the proposed approaches through their application to a set of trisomy 21 data.
Introduction
Trisomy is the most commonly identified chromosome abnormality in humans, occurring in 0.3% of live births, 4% of stillbirths, and as many as 25% of spontaneous abortions (Hassold and Jacobs 1984) . To produce a trisomic offspring, the parent in whom nondisjunction occurs transmits a disomic gamete, whereas the other parent transmits the usual monosomic gamete. Recent studies of trisomy 21 have shown that both altered levels of recombination and altered exchange patterns are associated with maternal nondisjunction (Lamb et al. 1996 (Lamb et al. , 1997 . Although these studies have revealed that the recombination patterns among meioses that lead to nondisjunction may be different from those among normal meioses, existing statistical treatments of trisomy data are not entirely satisfactory, as will be reviewed in the next paragraph. The objective of the present article is to develop general statistical approaches that overcome the limitations of the existing methods for the analysis of trisomy data.
Genetic mapping methods for nondisjoined chromosomes have been discussed by Ott et al. (1976) , Shahar and Morton (1986) , Chakravarti and Slaugenhaupt (1987) , Chakravarti et al. (1989) , Feingold et al. (2000) , Yu and Feingold (2001) , and other researchers. In most studies, genetic map construction is divided into two steps. In the first step, the more-proximal marker is treated as a pseudocentromere, and pairwise LOD scores are calculated for each pair of markers, through the observed patterns of nonreduction (heterozygous genotype) and reduction (homozygous genotype) of markers along the nondisjoined chromosome pair. In the second step, these pairwise LOD scores are compiled to derive an estimated genetic map. The limitations of such methods are as follows: (1) Instead of using multilocus information jointly, they only use markers sequentially; thus, many informative cases are discarded in the pairwise analysis, because not all the markers are typed or are informative. (2) The procedures in compiling pairwise LOD scores are ad hoc, and the direction of bias is difficult to evaluate. (3) Crossover interference can be accounted for only at the stage where pairwise distances are combined, although crossover interference has been observed in humans (e.g., Hulten 1974; Broman and Weber 2000) . (4) Joint recombination patterns across a set of intervals cannot be recovered from such analysis. Chakravarti et al. (1989) proposed two approaches for multilocus analysis. One was to assume at most three chiasmata across the region under study, with no more than one chiasma in a given marker interval. The other was to treat the proximal marker as a pseudocentromere, relative to the distal marker. The first approach is not applicable to chromosomes likely to have more than three chiasmata or for studies involving large marker intervals, whereas the second approach implicitly assumes the absence of chiasma interference. Feingold et al. (2000) derived multipoint likelihoods for trisomy data, under the assumption of no crossover interference, and their method allows for partial information and the absence of one parent for individuals with trisomy. However, the genetic-distance estimates from their approach may be biased, because crossover interference does appear to occur during normal human meiosis (Broman and Weber 2000) . In a recent article, in which they assumed that the total number of crossovers on a chromosome in a meiosis is observable, Yu and Feingold (2001) discussed issues related to the estimation of tetrad crossover-frequency distributions from genetic recombination data, including nondisjunction data. Given the limitations of the existing methods, in the context of analyzing uniparental disomy (UPD) data, Zhao et al. (2000) first established a general relationship between multilocus UPD probabilities and multilocus ordered-tetrad probabilities and then showed how to use the expectationmaximization (EM) algorithm (Dempster et al. 1977) to estimate joint recombination probabilities under the assumption that there is at most one chiasma within each marker interval. Because the amount of computation required by this approach increases exponentially with the number of genetic markers, Zhao et al. (2001) described how to use a hidden Markov model (HMM) to evaluate multilocus UPD probabilities when the chiasma process is assumed to follow the x 2 model (Zhao et al. 1995) . In the present article, we extend these two approaches from our previous work on UPD data to trisomy data. Both approaches can simultaneously consider all genetic markers for all individuals and consistently incorporate crossover interference in the analysis.
In the Methods section, we describe the two approaches for trisomy data in detail. In the Results section, we summarize the performance of the HMM approach, under a variety of simulation scenarios. We then apply our method to the analysis of a trisomy 21 data set. Finally, in the Discussion section, we conclude with comments on our methods and related issues. 
Methods

Notation for Multilocus Ordered-Tetrad Data
kth marker being R or N, respectively. The probability for each pattern I n is denoted by Note that throughu .
I n out this article, we use "J" to denote an ordered-tetrad state and "I" to denote a state for the two chromosomes from the NDJP. Their corresponding probabilities are denoted by p J and u I , respectively. Meiotic nondisjunction events are classified as meiosis I (MI) nondisjunction, if the two copies of the same chromosome are homologous, and as meiosis II (MII) nondisjunction, if the two copies are sister chromatids (Orr-Weaver 1996) .
Elsewhere, we have derived general relationships between u I and the p J for both MI and MII nondisjunction events, and we have described how to use these relationships to estimate, on the basis of UPD data, joint ordered-tetrad-state probabilities at the four-strand stage during meiosis (Zhao et al. 2000) .
Notation for Multilocus Trisomy Data
Because of the complexity of trisomy data, we may not always identify whether a marker is R or N in an individual with trisomy, even if the NDJP is heterozygous at this marker. Feingold et al. (2000) gave a comprehensive discussion on the format of trisomy data. In the next paragraph, we briefly summarize the notation discussed by Feingold et al. (2000) , and detailed explanations can be found in their article.
For an individual with trisomy, either one or two parents are available for study. When two parents are available, we distinguish six mating types between the NDJP and the correctly disjoining parent (CDJP):
and (6) aa # anything. For the first four mating types, we can always unambiguously determine whether the two chromosomes inherited from the NDJP are R or N. The fifth mating type is an intercross. It can produce an R, when the trisomy individual's genotype is aaa or bbb, or an X, when the trisomy individual's genotype is aab or abb. The marker status of X indicates that the marker is partially informative. Although we do not have unequivocal information about whether the true state is N or R, some information is added because the probability of observing an X depends on what the true state is. For the sixth mating type, the NDJP is homozygous, and the marker is completely uninformative, which we denote by U. Untyped markers can also be considered uninformative. When only one parent is available, we distinguish four mating types between the NDJP and the CDJP: (1) ab # missing, (2) aa # missing, (3) missing # aa, and (4) missing # ab. As in the case when two parents are available, the genotype at a marker in an individual with trisomy can be coded in four ways: N, R, U, and X. When the above notation is used, each individual with trisomy can be represented as a character string, with the use of R, N, X, and U, for example, "…NRNUNX…."
Maximum-Likelihood Estimates of Multilocus OrderedTetrad Probabilities from Trisomy Data if There Is at Most One Chiasma within Each Marker Interval
Assume that in our trisomy data there are a total of S cases, each typed at some of the n genetic markers. Elsewhere, we have established general relationships between multilocus UPD probabilities and multilocus ordered-tetrad probabilities for both MI and MII errors (Zhao et al. 2000) . Assuming at most one chiasma between adjacent markers, we described how to use the EM algorithm to estimate multilocus ordered-tetrad probabilities from UPD data (Zhao et al. 2000) . Using this method, we can estimate the genetic distances between consecutive markers and can obtain the overall chiasma distribution. Because of the complexity of trisomy data, we have to modify the EM algorithm described elsewhere (Zhao et al. 2000) to analyze trisomy data. The details on the E step and the M step are described in Appendix A. In general, for either MI or MII nondisjunction, we start the EM algorithm with initial estimates of multilocus probabilities . The E step com-0 p J putes the expected number of each possible orderedtetrad pattern J, conditional on the observed trisomy data and the initial values . The M step maximizes 0 p J the likelihood of this "expected" data set and thus generates updated estimates of p J . These new estimates are fed back into the E step, and the algorithm iterates until convergence. From the maximum-likelihood estimates of ordered-tetrad probabilities p J , we can derive the distribution of the number of chiasmata on the chromosome and the joint distribution of chiasmata among the marker intervals. It is also straightforward to estimate the genetic distance between each pair of consecutive markers and to estimate the total genetic distance between the centromere and the most distant marker. The detailed procedure for these estimates has been reported elsewhere (Zhao et al. 2000) .
The HMM Approach to Trisomy Data
Although no specific models are assumed in the analysis of trisomy data in the above approach, the amount of computation increases exponentially with the number of markers. For human UPD data, an HMM, in which the crossover process is modeled by the x 2 model, has been developed (Zhao et al 2001) . The x 2 model for crossovers has a long history (Bailey 1961) . Foss et al. (1993) represented the model in the form of Cx(Co) m as follows: assume that the crossover intermediates (C events) are randomly distributed along the four-strand bundle and that every intermediate resolves either as a crossover (denoted by "Cx") or as a noncrossover (denoted by "Co"). When an intermediate resolves as a Cx, the next m intermediates must resolve as a Co, and after m Cos, the next intermediate must resolve as a Cx. The process is made stationary by allowing the leftmost crossover intermediate an equal chance to be one of Cx (Co) m . Note that the Poisson (no interference) model corresponds to . Among the many crossover prom p 0 cess models that have been proposed in the literature, the x 2 model has been found to provide a good fit to data from many organisms (Zhao et al. 1995) . Because there are no partially informative markers in UPD data, we need to extend the HMM approach to accommodate human trisomy data, as described in the next paragraph.
As discussed by Rabiner (1989) , an HMM has the following five components: (1) the set of hidden states and ; (2) the set of dis-
tinct observation symbols and
, and and where q r denotes the hidden state at i jр L time r; (4) the observation symbol probability distribution in state S j , where
, and and where de-
notes the observation symbol at time r; and (5) the initial state distribution , where
exact forms of these five components of UPD data were discussed by Zhao et al. (2001) . In Appendix B, we discuss the forms of these five components of trisomy data. Having defined the five elements of the HMM, we can use the forward algorithm to calculate the probability of any trisomy genotype and can obtain the maximum-likelihood estimates of the parameters of interest-that is, the genetic distances among the markers and the interference parameter m. If we let in m p 0 the x 2 model, then our HMM approach is the same as the no-interference model discussed by Feingold et al. (2000) .
Results
Simulation Results
In this section, we summarize the simulation results under the HMM approach for trisomy data with eight equally spaced markers. The genetic distance between each pair of consecutive markers is 10 cM. We varied the sample size ( ), the interference pa-S p 200 or 400 rameter ( ), and the proportion of missing m p 0, 1, or 2 data ( ) in our simulations. In addition, m p 0.2 or 0.4 to examine the effect of partially informative markers, we varied the proportion of intercross-mating type c ( ), when both parents are available. We c p 0.1 or 0.2 assumed that the parameter c is the same across all the markers. For each parameter combination, we generated 100 simulated data sets and estimated the genetic distances among the markers. The results are summarized in table 1. We list only the estimates for the fourth interval, for both MI and MII nondisjunction. It can be seen that when both parents are available, the maximum-likelihood estimates of genetic distances are almost unbiased.
If only the NDJP is available, instead of varying the proportion of intercross-mating types c in our simulations, we varied the parameter q (the probability that the CDJP contributes an allele that is different from either of the alleles of the NDJP), to consider the effect of partially informative markers. We assumed that the parameter q is the same across all the markers. The results are summarized in table 2. We list only the estimates of the fourth interval of both MI and MII nondisjunctions. Even when the CDJP is missing, the maximumlikelihood estimates of the genetic distances still performed quite well.
Application of Simulation Results to Trisomy 21 Data
Trisomy 21 is the most common viable chromosomal abnormality in humans and is responsible for 195% of instances of Down syndrome. The incidence is ∼1 per 600 live births (Sherman et al. 1994) . Recent molecular studies indicate that most trisomy 21 is maternally derived and is typically a result of nondisjunction at MI (Lamb et al. 1996) . In this section, we apply our two approaches to a maternal MI trisomy data set that consists of 434 individuals with trisomy. Ten intervals spanning the full length of the chromosome were included in our analysis. To maximize the amount of linkage information for a given interval, we grouped several mark- ers into a region, defined as a set of markers known to be tightly linked in normal individuals and among which no recombination was observed in the trisomic data set. The markers and marker groups used in our analysis are D21s13/D21s16/D21s192, D21s214/D21s232, D21s210, D21s213, D21s223/D21s224/IFNAR, D21s17/D21s167, ETS2/D21s156, HMG14, D21s212/ D21s113, and D21s1575/D21s1446. We describe our results based on the two approaches separately.
Maximum-likelihood estimates of multilocus orderedtetrad probabilities assuming at most one chiasma within each marker interval.-The results are summarized in table 3. The total genetic length was estimated as 36.3 cM for the MI trisomy data set, which is shorter than that of the normal female map. Several estimates of the total length of the normal female map are available: the Marshfield map estimates the total genetic length at 64.6 cM, the analysis based on normal female meiotic events that uses genotype data from CEPH puts the estimate at 72.1 cM, and the total genetic length of the most recent normal female map, maintained at the Web site of the Genetic Location Database, is 59.8 cM.
From the maximum-likelihood estimates of ordered probabilities we can also study the distribution of p , Jn chiasma number and the exchange patterns for a given number of chiasmata. For these ten intervals, the estimated proportions of tetrads with 0, 1, 2, and 3 chiasmata are 41.7%, 46.2%, 9.9%, and 2.0%, respectively, for this MI trisomy data set. The majority of the tetrads (87.9%) had zero or one chiasma. For a given number of chiasmata (1 or 2), we summarize the distribution of the chiasmata for MI trisomy in table 4. The exchange patterns conditional on three chiasmata are not listed, because they are much less reliable, being derived from only a small proportion of the total cases. When there was a single chiasma on the whole chromosome, it most likely occurred in the last five intervals. For the two-chiasmata case, the modes of the first chiasma was in the first two intervals, and the majority of the second chiasma occurred in the fourth, sixth, and ninth intervals.
The HMM approach.-The estimated genetic distances among the markers and the associated standard errors under different x 2 models are shown in table 5. For MI trisomy, the total estimated genetic length across these 10 markers ranges from 38.4 cM to 44.3 cM for different m values. The maximized log-likelihoods from different x 2 models were very similar, with the no-interference model having the largest log-likelihood (Ϫ456.5). The log-likelihood of CxCo model is Ϫ459.4, which is very close to that of the no-interference model.
Under the assumption of no crossover interference, Feingold et al. (2000) analyzed the same MI trisomy data set. However, our analyses differed from those of Feingold et al. (2000) in the number of marker groups analyzed: we analyzed 11 marker groups for the present report, whereas Feingold et al. (2000) reported analysis of 14 marker groups. This was because it is not feasible for our program to analyze 110 markers, using the EM approach, because of the large computer memory required for the EM approach; therefore, we were forced to combine several marker groups. Using 14 marker groups, Feingold et al. (2000) estimated the total genetic length to be 45.1 cM. Note that we converted their estimated y values to genetic distances and summed over the intervals to arrive at the value of 45.1 cM. If we had fixed the order in our HMM approach at and m p 0 had used the same marker groups as those used by Feingold et al. (2000), we would have arrived at the same results as those obtained by Feingold et al. (2000) with the HMM approach.
For the HMM approach, we can also study the distribution of chiasma number and the exchange patterns for a given number of chiasmata through examining the estimates of ordered-tetrad probabilities. When we fix the HMM model at for this MI trisomy data set, m p 0 the estimated proportions of tetrads with 0, 1, 2, and 3 chiasmata are 45.2%, 37.7%, 12.4%, and 0.3%, respectively. The majority (82.9%) of the tetrads had zero or one chiasma, which is similar to the estimates based on the EM approach. The distribution of the chiasmata for MI trisomy, given the chiasmata number, is summarized in table 4. Because the proportion of tetrads that have more than two chiasmata is as small as 0.3%, we did not list the related results in table 4. Table 3 lists the comparisons between the results obtained with the EM approach and the HMM approach for the MI trisomy data. For the HMM approach, we chose the Cx model to perform the comparison. From table 3 we can see that our proposed two approaches generate consistent results for most intervals.
Discussion
In the present article, we describe two general multilocus approaches that make use of all the marker information in the observed trisomy data and that can consistently incorporate crossover interference. The first approach is based on the relationships we have established between multilocus half-tetrad probabilities and multilocus ordered-tetrad probabilities (Zhao et al. 2000) . When many markers are available in genetic studies, we may assume that there is at most one chiasma in each marker interval on the tetrads. For this particular model, we have described how to use the EM algorithm to estimate multilocus ordered-tetrad probabilities from the observed trisomy data. Our approach can analyze data that contain many untyped and uninformative markers and partially informative markers. From the maximum-likelihood estimates of ordered-tetrad probabilities, we can study the probability distribution of the number of chiasmata and the exchange patterns along the chromosome. Our EM-based method can be used when both parents are available or when only the CDJP is available. The second approach is based on the x 2 model for the crossover process. One advantage of this approach is that the amount of computation increases linearly with the number of markers, allowing us to include many genetic markers in the same analysis. Our method includes the method developed by Feingold et al. (2000) as a special case. This is because the x 2 model when corresponds to the no-interference model dism p 0 cussed by Feingold et al. (2000) . We have implemented our methods in computer programs, which can be downloaded from our Web site.
The limitation of the previous approaches for trisomy analysis was demonstrated by Feingold et al. (2000) , who performed an extensive simulation study to compare their multipoint NDJMap method with other methods, such as TETRAD and DSLINK. Throughout their simulations, NDJMap generated completely consistent and unbiased results for both small and large data sets. On the other hand, both DSLINK and TET- RAD showed occasional inconsistencies in estimates derived from data sets of different sizes. Because our HMM approach includes the NDJMap approach as a special case, , we expect the HMM approach to m p 0 generate results as consistent as those of the NDJMap method, whereas previous methods may fail. In addition, our HMM approach has the further advantage that it can incorporate cross-interference in the analysis, and our simulation results for both MI and MII cases show that our method produces unbiased estimates of genetic distance in the presence of crossover interference. One major limitation of the EM approach is that both computer-memory requirements and computation time increase exponentially with the number of markers, making the approach inapplicable to cases where many genetic markers need to be jointly analyzed.
Recall that the EM approach assumes that each marker interval has at most one chiasma, whereas the HMM approach assumes that the crossover process follows the x 2 model. When these two approaches were applied to analyze a real MI trisomy data set, we found that they gave similar estimates of genetic distance. However, the two approaches yielded somewhat different patterns of the exchange distributions conditional on a given number of chiasmata on the four-strand bundle. For example, conditional on having two chiasmata in the region, the more-proximal exchange was inferred by use of the EM approach to occur mostly in the first two intervals, whereas, by use of the HMM approach, the more-proximal exchange was inferred to be more uniformly distributed across the first six intervals. Given the small proportion of trisomies estimated to have two chiasmata in the region, it may be difficult to establish a statistically significant result in the comparison between the two approaches, and these discrepancies will be addressed in our future studies. Because the EM approach imposes less-stringent assumptions on the crossover process, especially when the markers are close to each other, discrepancies between the two approaches, such as those just described, may point to some limitation of the x 2 model and may lead to modification or developments of new models for the crossover process.
The HMM approach can be extended to the Poissonskip model (Lange et al. 1998 ), a generalization of the x 2 model. Although the x 2 model has been found to be a good fit for data from many organisms, it may not accurately describe the crossover processes underlying meiotic nondisjunction, such as the discrepancies observed between the results under the HMM approach and those under the EM approach. Model checking and model comparison will be performed in our future work, using the observed data to investigate the usefulness of the HMM discussed in the present article.
Throughout the present article, we have assumed that no genotyping error is present in the observed data, although genotyping errors do occur in real genetic studies. In a study published elsewhere, we examined the effects of genotyping errors and interference on estimation of genetic distances, using recombination data from single spores (Goldstein et al. 1997) . It was found that genotyping errors inflate genetic distance estimates, and we expect similar results for nondisjunction data, especially for closely linked markers. However, the magnitude of such effects and the ability of statistical methods to incorporate genotyping errors are beyond the scope of the present article and will be addressed in our future studies.
In general, the state of origin of trisomy is evaluated by comparing chromosome 21 pericentromeric markers of the parent who contributed the extra chromosome with those of the trisomic offspring. If parental heterozygosity was retained in the trisomic offspring, we conclude that an MI error is present, and if parental heterozygosity was reduced to homozygosity, we conclude an MII or mitotic error is present. Because highly polymorphic chromosome 21 pericentromeric markers are not available to us, these determinations are based on the most-proximal informative markers. This means that some proportion of assignments may be in error (Sherman et al. 1994) . Moreover, in our real trisomy data set, a large proportion of proximal markers are untyped or uninformative, and this, too, may lead to assignment error. Our experience with human UPD15 data analysis suggests that these assignment errors may reduce our power to detect crossover interference.
Appendix B The Five Components of the HMM for Trisomy Data
Because we relate trisomy data to ordered-tetrad data (as in the analysis of UPD data), three of the five components are identical to the UPD case. These three identical components are: S, the set of hidden states; A, the state transition probability distribution; and p, the initial state distribution. i p denotes one of the six patterns for an ordered-tetrad (these six patterns were defined earlier, in the subsection 1, … , 6 Notation for Multilocus Ordered-Tetrad Data), and l denotes the number of Co events after the last Cx event before marker A r . Let , the elements in the transition matrix between the hidden states at p p m ϩ 1 6 p # 6p consecutive markers given elsewhere (Zhao et al. 2001 have the same probability of being the initial state. Therefore, we discuss only the two components that are different from UPD data: V, the set of distinct observation symbols; and B j , the observation symbol probability distribution in state S j . As discussed above, there are four possibilities at each marker for trisomy data; therefore, V p . For the observation symbol probability distribution in state S i,l , it depends on which two strands {R, N, X, U} are observed in the nondisjoined chromosome of an individual with trisomy. Because meiotic nondisjunction events can be classified as either MI nondisjunction or MII nondisjunction, we consider MI and MII nondisjunction, in turn, in our discussion.
If we use to denote an ordered tetrad, we define E as the first strand and H as the third strand. [E, F; H, W] Under MI nondisjunction, without loss of generality, we assume that the first and third strands are observed in the nondisjoined chromosomes of an individual with trisomy. We consider two cases separately: (1) both parents are available or (2) only the NDJP is available.
MI Nondisjunction, Both Parents Available
We first note that the observation symbol distribution depends only on the first component in the hidden state S i,l . Given a completely informative marker, according to Zhao et al. (2001) , we have the following observation symbol probabilities for the first four mating types defined in the Notation for Multilocus Trisomy Data section: If the parental mating type is an intercross at the marker, we may observe only an X or an R for the trisomy individual. When , the two strands from the NDJP are nonreduced, so the probability that we observe i p 1, 3, 4, 6 an at this marker is 1. When , the two strands from the NDJP are reduced, so we have the same probability X i p 2, 5 of observing an X or an R at this marker. We have the following observation symbol probabilities: 
S S S S S S
1
MI Nondisjunction When Only the NDJP Is Available
If the NDJP is heterozygous at a marker, assume that the genotype of the NDJP at this marker is A G B G . Let and denote the allele frequency of and in the population. Therefore, is the
probability that the CDJP contributes an allele that is different from either of the alleles in the NDJP. For i p , the two strands from the NDJP are nonreduced. In this case, we observe an N if and only if the CDJP 1, 3, 4, 6 contributes an allele different from those in the NDJP. This occurs with probability . If the CDJP contributes an q G allele that is the same as one of the two alleles in the NDJP, we observe a Z, and this occurs with probability . For , the two strands from the NDJP are reduced. In this case, there are two possibilities that we 1 Ϫ q ip 2, 5 G may observe an R: (1) the CDJP contributes an allele different from those of the NDJP, and this happens with probability ; (2) the CDJP contributes an allele that is the same as the one contributed by the NDJP, and this q G happens with probability ( . On the other hand, we observe an X if and only if the CDJP contributes an 1 Ϫ q )/2 G allele which is carried but not contributed by the NDJP. This happens with probability ( . In addition, the 1 Ϫ q )/2 G chance that we observe an N is 0. From the above discussion, we obtain the following observation symbol probability distribution:
If the marker in the NDJP is either homozygous or untyped, .
MII Nondisjunction, Both Parents Available
For MII nondisjunction events, the two chromosomes inherited from the NDJP are sister chromatids. We can obtain the observation symbol probabilities as in the MI nondisjunction case. For a completely informative marker, we have the following observation symbol probabilities for the first four mating types defined in the Notation for Multilocus Trisomy Data section: 
S S S S S S
MII Nondisjunction When Only the NDJP Is Available
If the NDJP is heterozygous at a marker, we have the following observation symbol probability distribution S S S S S S 1,l 2,l 3,l 4,l 5,l 6,l
